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Investigating the volatility of financial assets 
is fundamental to risk management. This study 
used generalized Autoregressive Con-ditional 
Heteroscedastic Volatility models to evaluate 
the volatility of the long term inter-est rate of 
Nigeria's financial market. We al-so 
incorporated three innovations distribu-tions 
viz: the Gaussian, the student-t, and the 
Generalized Error Distribution (GED) in the 
modeling process under the maximum likeli-
hood estimation method. The results show that 
GARCH (GED) is the most performing model 
for describing the volatility of three and 
twenty-year interest rate returns while TARCH 
(GED) is the most suitable model for 
describing the volatility of five and ten-year 
interest rate returns in Nigeria. The pre-ferred 
models will help in the development of tools 
for effective risk management by moni-toring 
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Volatility in the financial market has been 
the attention of business and policy-makers due 
to its importance in policymaking, risk manage-
ment, securities analysis, and pricing (Dayioğlu, 
2012). Accurate volatility modeling is fundamen-
tal to good risk management while better risk 
management practices lead to better stability of 
the economy with evident social benefits. 
 
Modeling the volatility of the bond mar-
kets (Long term interest rate) is central in risk 
management because the long term interest rate 
constitutes the larger part of happenings in the non-
financial economy and financial markets i.e. 
monetary policy and the financial aspects of fis-cal 
policy (Friedman, 1980). Term structure of interest 
rate volatility especially the long term has gotten 
significant consideration from both scholars and 
professionals in recent years. It is essential to 
capture the volatility of term interest rates because 
they affect businesses, borrowing costs and 
investment account earnings. The most successful 
and popular volatility models are the GARCH 
(Generalized Autoregressive Condition-al 
Heteroscedastic) model which was proposed by 
Bollerslev (1986) who generalized the ARCH 
(Autoregressive Conditional Heteroscedastic) 
models by Engle (1982). Multiple extensions of the 
standard ARCH function have been proposed to 
capture additional stylized facts observed in 
financial markets (Ardiaa, Bluteaua, Boudt & Ca-
tania, 2017). The GARCH models recognize that 
there may be important nonlinearities, asymme-
tries, and long memory properties in the volatility 
process (Ardiaa, Bluteaua, Boudt & Catania, 2017). 
GARCH models also take into account the time-
varying volatility phenomenon over a long period 
which is the most commonly used model in the 
family of GARCH models and has indeed 
 
proven to be very useful in describing a wide 
vari-ety of financial market data (Sarkar & 
Mukho-padhyay, 2005). 
 
To cover specific volatility features like the 
well-known leverage effect and other asymmetries 
in financial returns (Black, 1976; Christie, 1982 
cited by Reher & Wilfling, 2011, Petrică & Stan-
cu, 2017), Nelson (1991) extended the usual 
GARCH model known as the exponential 
GARCH (EGARCH) to capture the leverage ef-
fect alongside volatility. Other extensions of 
GARCH have been suggested to capture asym-
metric responses in the conditional variance to 
positive and negative shocks. Glosten et al. (1993) 
and Zakoian (1994) have proposed utilizing the 
threshold GARCH (TGARCH), model. The 
standard deviation GARCH was proposed by Tay-
lor (1986) and Schwert (1989) so as to model the 
standard deviation rather than the variance. This 
model, alongside a few different models, is gener-
alized with the power ARCH specification in 
(Ding Granger, & Engle, 1993). In the power 
ARCH (PARCH) model, the power parameter of 
the standard deviation can be evaluated instead, 
and the optional parameters are added to capture 
asymmetry (Mukhopadhyay & Sarkar, 2013). 
 
To the best of our knowledge, little or no 
known study has considered the issues of 
“leverage effect” and excess kurtosis on long term 
interest rate data in Nigeria. To this effect, this 
study used ARCH, GARCH, TARCH, EGARCH, 
and PARCH models to model the volatility of 
long term interest rates in Nigeria and to compare 
their performance. The study also incorporated 
three innovations distributions such as the Gaussi-
an, the student-t, and the Generalized Error Distri-











This section gives an overview of the Nige-
rian bond market and empirical review of related 
literature of the study 
 
Overview of the Nigerian Bond Market 
 
Bonds are the basic type of tradable finan-
cial contract by which corporations and govern-
ments tap into the capital available from inves-
tors (Grasselli & Hurd, 2015). The issuer of a 
bond presents the bond as a guarantee to make 
accessible regular income installments to the in-
vestor. These income payments are coupons that 
pay coupons two times every year (semi-yearly 
coupon bonds) and (yearly coupon bonds). Bonds 
that make no coupon payments are known as ze-
ro-coupon bonds (NSE, 2020). The Nigerian 
bond market is classified as the second most liq-
uefied market in sub-Saharan Africa (Ajayi, 
2013). Nigerian bond market is regarded by 
many Africa market as an ideal to learn from to 
improve their domestic bond markets (Lartey & 
Li, 2018a). 
 
FGN Bonds are debt securities of the Fed-
eral Government of Nigeria (FGN) issued by the 
Debt Management Office (DMO) for and on be-
half of the Federal Government. Before the foun-
dation of the Debt Management Office (DMO) in 
2000, Nigeria's public debt was overseen by vari-
ous government offices in a clumsy way. This 
dispersion made issues that achieved a genuine 
strain on the nation's debt portfolio and economy 
development. The foundation of the DMO denot-
ed the initiation of the systematization and pro-
fessionalization of public debt management in 
Nigeria (DMO, 2020). Purchasing FGN securi-
ties suggests loaning to the FGN for a predefined 
 
period and are considered as the most secure of 
all investments in domestic debt market since it is 
sponsored by the 'full trust and credit' of the Fed-
eral Government, and as such it is delegated a risk 
-free debt instrument, implying that it is sure that 
interest and principal will be paid as and when 
due. The summed up highlights of FGN Bonds in-
corporates as revealed by the Debt Management 
Office of Nigeria (2020) incorporates: 
 
i. Denomination: least subscription of 
N10,000 plus several of N1,000 subse-  
quently. 
 
ii. Interest payment: Most FGN bonds have 
fixed interest rates payable semi-every year. 
Some FGN bonds (for example third and 
fourth tranches of the first FGN securities) 
have floating rate of interest which change 
around a reference rate (NTB rates) in light 
of indicated parameters. There are likewise 
zero-coupon bonds (not yet in issue in Nige-
ria) whereby both interest and principal are 
repaid at the final maturity date of the bond. 
 
iii. Tenor: Minimum of two (2) years. There are 
bonds with maturities of 3, 5, 7, and 10 
years in issue and may have bonds with ma-
turities of 15, 20, 30 years or more and for 
the future 
 
iv. Default Risk: FGN bonds as an obligation 
are the most secure venture instrument since 
they have no default. 
 
Empirical Review of Related Literature 
 
Several works have been done on modeling 
the volatility of term structure of interest rate es-
pecially the short term interest rate. For instance, 
Li, Tahir, Ain and Yousaf (2020) analyzed the 
volatility of the short term interest rate of the Pa-
kistani financial market utilizing GARCH and E-
GARCH models on a monthly data of T-bills cov-
ering the period January 2005 to December 2012. 
The outcome shows that the GARCH model is the 
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behavior of short term interest rates when con- 
 
trasted with the E-GARCH model. Olweny 
 
(2011) modeled the volatility of short-term inter-est 
rates in Kenya using the monthly averages of the 
91-day T-BILL rate data which were gotten from 
the Central Bank of Kenya between August 1991 
and December 2007. The result revealed that the 
GARCH model is a suitable candidate for 
exploring the volatility of short rates in Ken-ya, 
rather than ARCH models. Hou and Suardi (2011) 
utilized a semi-parametric technique to assess the 
diffusion process of short-term interest rates. The 
Monte Carlo study shows that the semi -parametric 
methodology generates more precise volatility 
estimates than the models that accom-modate 
asymmetry, level effect, and serial de-pendence in 
the conditional variance. Turan (2000) tested the 
performance of stochastic vola-tility models of the 
short-term interest rate by de-veloping a nonlinear 
asymmetric framework that takes into 
consideration for comparisons of non-nested 
models featuring conditional heteroske-dasticity 
and sensitivity of the volatility process to interest 
rate levels. Two-factor stochastic vola-tility models 
are tested against the famous contin-uous-time and 
symmetric and asymmetric GARCH models. The 
newly proposed model out-performs the existing as 
a result of the asymmet-ric drift of the short rate, 
and the presence of non-linearity, asymmetry, 
GARCH, and level effects in its volatility. 
Charlotte (2005) uses a multivari-ate level-GARCH 
model for the long-rate and the term-structure 
spread. The findings show that long-rate variance 
exhibits heteroskedasticity ef-fects and level effects 
following the square-root model. The spread 
variance exhibits heteroske- 
 
dasticity effects but no level effects. The level-
GARCH model is preferred above the GARCH 
model and the level model. Literature has shown 
pieces of proof that asset returns display volatility 
clustering, leptokurtosis, and asymmetry. Howev-
er, few studies have investigated the volatility of 
bond yields (long term or short term interest rate) 
in Nigeria. Most of works in Nigeria are centered 
on stock volatility and exchange rates volatility. 
For example, Bichi, Dikko and Nagwai (2016) 
employed the two most popularly use Multivariate 
GARCH models – the Baba-Engle-Kraft-Kroner 
(BEKK) and the Dynamic Conditional Correla-
tion (DCC) model in modeling the volatility spill-
over between the Nigerian Stock and Bond Mar-
ket. The study revealed that the own past shocks 
affect the current volatility of the Nigeria stock 
market and a bidirectional volatility spillover be-
tween Nigerian stock and bond markets. The DCC 
is the most suitable model for modeling intra-
national volatility transmission for the Nigerian 
stock and bond markets. Dallah and Ibiwoye 
(2010) who modeled and forecasted the volatility 
of the Nigerian insurance stocks returns shows 
that EGARCH (1, 1) was the most suitable in 
modeling stock returns as it outclasses other vola-
tility models in terms of model performance crite-
ria. The work of Olowe (2009) revealed stock 
market crash of 2008 was found to have impacted 
to high volatility persistence in the Nigerian stock 
market particularly during the global financial cri-
sis. Bala and Asemota (2013) examined exchange 
-rate volatility with GARCH models using month-
ly exchange-rate returns series from 1985-2011 
for Naira/US dollar and 2004-2011 for Naira/US 
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and Naira/Euro returns. The findings revealed the 
presence of volatility in the selected currencies 
and also most of the asymmetric models rejected 
the existence of leverage excluding for models 
with volatility break. Emenike (2010) modeled 
GARCH (1, 1) and GJR-GARCH (1, 1) to the All 
-share-index in Nigeria and the findings indicated 
that the NSE returns is described by leverage ef-
fects and volatility persistence. The findings of 
Babatunde (2013) in Nigeria's stock market vola-
tility and economic growth using the EGARCH 
model’ revealed that the volatility shock is quite 
untiring and this might alter the growth of the Ni-
gerian economy. Asemota and Ekejiuba (2017) 
made use of GARCH models to investigate the 
volatility of the six bank's equity returns in Nige-
ria. Findings showed the existence of ARCH ef-
fect in some bank’s equity returns. Besides, the 




METHOS Data for the study 
 
The data used for this research work were ob-
tained from Meristem Securities Limited. They 
are a historical set of 856 interest rate data from 
Nigeria Government Securities. The sample peri-
od extends from 5
th
 January 2015 to 23
rd
 Febru-
ary 2018 considering the long-term interest rates 
(Nigeria government bond yields) for four differ-
ent maturities of 3-year (3YR), 5-year (5YR), 10-
year (10YR) and 20-year (20YR). 
 
Analysis techniques 
The techniques adopted includes the calculation 
of log returns, maximum likelihood estimates of 
GARCH models with different conditional distri-
butions assumptions and also the model perfor- 
 
mance evaluation criteria. The analysis techniques 




The first step is to obtain the daily long-term in-
terest rates and compute the compound returns 
simply by using the natural logarithm of long-
term interest rates of the nth day over (n-1)th day. 








Because financial time series are generally fat-
tailed, the use of normal distributions might be 
limited. As a result of this, the student-t and GED 
distributions are also used. Hence, we have the 
following results for the log-likelihood function 
applied to a sample of T observations 
 
















Where T number of data, v degree of freedom,  
 


















The general form of the ARCH (q) model is 
as follows: 
 










 – the conditional variance of the 
innovations (errors) at time t; 
  
– the constant term; 
 
 – the squared error at time t-i; 
 














The TARCH (p,q) model is given by: 
 
 (8) 




The conditional variance of Power ARCH 





 – the standard ARCH term;  
 
GARCH 
– the standard GARCH term; 
 
The general form of the GARCH (p,q) model is 
 
  
given by: – the leverage parameter ( );  
 
(6) – the parameter for the power term (    >0). 
 
where:   
 
– the constant term; 
 
 – ARCH terms i.e. volatility shocks from 
pri-or periods. 
 
 – GARCH terms i.e. the persistence of vola-
tility; 
p – the number of lagged conditional variance 
 
terms (  ); 
 
q– the number of lagged errors (  ). 
 
Model Performance Evaluation Criteria 
 
The model evaluation technique was based stand-
ard criteria including on Log-likelihood (-2LL), 
 
Akaike Information Criteria (  = −2 + 2 ), 
Bayesian  Information  Criteria ( = −2 + 
(ln  ))  and  the  Hannan-Quinn Criteria (HQC  = 
 
−2 + 2 ln(ln )), where symbolizes the no of 
parameters used in the regression model, repre- 
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likelihood function. The lower the value of AIC, 
BIC, and HQC, the better the performance of the 
model. While the higher the LL the better the 
performance of the model. 
 
RESULT AND DISCUSSION 
 
This section presents the descriptive statistics of 
data, the maximum likelihood estimates of 
GARCH models with different conditional distri-
butions and also the model performance of the 
Heteroscedastic model. Figure 1 and 2 depicts 
the long-term interest rates data and long-term in-






























Descriptive Statistics of Long-Term Interest Rate Returns  
 
Table 1 summarizes the data and describes 
the sample characteristics of the long term interest 
rate. The Table shows that the mean returns of the 
3YR, 5YR, 10YR, and 20YR maturities clusters 
around 0.0001366, 0.0000528, 0.0001118, and 
0.0001373 respectively. The implication of this is 
that all the returns display a high level of con-
sistency as their average values are contained by 
the maximum and the minimum values of these 
returns. Results in Table 1 demonstrated that the 
returns for all the maturities are positively skewed 
and Kurtosis coefficients exhibited a leptokurtic 
distribution (Kurtosis>3), inferring a fat-tailed 
empirical distribution of the returns over the peri-
ods. The kurtosis result depicted that a fat tailed 
distribution such as the student-t or a Generalized 
Error Distribution (GED) would make improved 
results than just a normal distribution (Dayioğlu, 
2012). All the minimum returns are negative 




Maximum Likelihood Estimates of GARCH Models with dif-
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In the estimated ARCH (1), the positive and 
significant value of the ARCH coefficient infers 
that the square lagged error terms positively and 
significantly impacted the present period volatili-
ty of maturity returns. While the insignificant 
ARCH implies no significant influence on the 
current period volatility of maturity returns. 
 
In the estimated GARCH (1, 1), the signifi-
cant and positive coefficient of the GARCH term 
suggested that previous period volatility has a 
significant effect on the conditional volatility at 
the present period. The positive ARCH coeffi-
cient also revealed that the prior error terms posi-
tively and significantly affect the current period 
volatility and the degree to which volatility reacts 
to a bond market event is low. 
 
Table 3 Contd 
Maximum Likelihood Estimates of GARCH Models 
with different Conditional Distributions  
 
cant leverage effect term, γ at the 5% level, sug-
gested the nonexistence of leverage effect. A neg-
ative leverage parameter indicates an asymmetric 
reaction for positive returns in the conditional 
var-iance equation, while a positive leverage 
parame-ter indicates that bad news leads to 
increased vol-atility. 
 
In the TGARCH model, the insignificant 
ARCH term suggested that squared lagged error 
have no significant effect on the current period 
volatility and the speed of response of volatility to 
market shock is high. Likewise, the insignificant 
GARCH coefficient suggests that prior period 
variance has no impact on the conditional volatili-
ty and it also shows that volatility persistence is 
high. The positive and insignificant leverage ef-
fect suggested that negative shock does not initi-
ate volatility more than an equal level of positive 
shock.Power ARCH (PARCH) model results 
shown significant influence in terms of power on 
the conditional volatility. A significant and posi-
tive coefficient from Power ARCH (PARCH) 
model revealed that the speed of reaction of vola-
tility to market shock is moderate and volatility 
persistence is high. The significant leverage effect 
term at a 5% level of significance suggested the 
presence of leverage. 
 





From the EGARCH model, the positive and 
 
significant ARCH term suggests that the drift of 
 
volatility reaction to bond market shocks is sig- 
 
nificant, and the extent to which it responds to 
 
this shock is low. Likewise, prior period volatili- 
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in Nigeria. GED is the most appropriate innova-   
tions distributional assumption for the volatility 
 














This study estimated the ARCH, GARCH, 





CONCLUSIONS, POLICY IMPLICATION 
AND RECOMMENDATION 
 
This paper compared some sets of standard 
GARCH models to evaluate the volatility of long 
term interest rates in terms of model performance 
criteria. Besides, all models are estimated assum-
ing Gaussian innovations (Normal) and fat-tailed 
 
PARCH models to determine the best performing 
model for long term interest rate volatility in Ni-
geria. To compare all the models in Table 3 and 
determine the best performing models, we used 
performance criteria such as LL, AIC, BIC, and 
HQC. 
 
a. Based on LL, AIC, BIC, and HQC the re-
sult shows that GARCH (GED) is the most 
appropriate model for describing the vola-
tility of a three-year maturity interest rate. 
 
b. Based on LL, AIC, BIC, and HQC the re-
sult shows that TARCH (GED) is the most 
suitable model for modeling the volatility 
of a five-year maturity interest rate. 
 
c. Based on LL, AIC, BIC, and HQC the re-
sult shows that TARCH (GED) is the best 
model for describing the volatility of a ten-
year maturity interest rate. 
 
d. Based on LL, AIC, BIC, and HQC the re- 
 
sult shows that GARCH (GED) is the best 
model for modeling the volatility of the 
twenty-year maturity interest rate. 
 
It can be concluded that the GARCH (GED) and 
TARCH (GED) is the best performing model for 
describing the volatility long term interest rates 
 
distributions which included GED and student-t. 
Based on the model performance criteria, 
GARCH (GED) is the best performing model for 
modeling the volatility of three and twenty-year 
interest rate returns while TARCH (GED) is the 
best performing model for evaluating the volatili-
ty of five and ten-year interest rate returns interest 
rates in Nigeria. Based on prior study, this study 
has also shown that asset returns display volatility 
clustering, leptokurtosis, and asymmetry has the 
Nigeria bond yields exhibited the characteristics 
of financial asset volatility. 
 
It is therefore important for the policymakers in 
Nigeria to note that GARCH (GED) and TARCH 
(GED) models are more appropriate for modeling 
long term interest rates in Nigeria. The model will 
help in the development of tools for effective risk 
management by monitoring the behavior of bond 
yields. It will also help the Government in devel-
oping policies related to the regulation of long 
term security. The outcomes of the study are es-
sential in assessing various financial decisions in 
risk management, asset pricing, portfolio manage-
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